Outliers can adversely affect how data fit into a model. Obviously, an analysis of dependent data is different from that of independent data. In the latter, i.e., in cases involving spatial data, local outliers can differ from the data in the neighborhood. In this article, we used the local influence technique to identify influential points in the response variables using two different schemes of perturbations. We applied this technique to soil chemical properties and soybean yield. We evaluated the effects of the influential points on the spatial model selection, the parameter estimation by maximum likelihood and the construction of thematic maps by kriging. In the construction of the thematic maps in studies with and without the influential points, there were changes in the levels of nutrients, allowing for the appropriate application of input, generating greater savings for the producer and contributing to the protection of the environment.
Introduction
The presence of outliers in a dataset can cause disproportional interference in the analysis. Using geostatistical study, which is based on the theory of regionalized variables, it is possible to define the spatial variability structure of observations. This interference can affect the choice of model fit and, consequently, the parameter estimation. Cressie and Hawkins (1980) proposed a robust estimator for the semivariance function, but it still can be affected by the presence of outliers in the data set. Using simulations, McBrantney and Webstes (1986) suggested that the semivariance estimator of the function is limited. Genton (1998) commented on the robustness Using a simple linear model for predicting tree diameter from laser-derived tree height and crown diameter measurements, Salas et al. (2010) compared the performance of ordinary least squares (OLS), generalized least squares with a non-null correlation structure (GLS), a linear mixed-effects model (LME), and geographically weighted regression (GWR).
In the study of influential points, the literature presents the methodology of diagnostics in global influence, which is based on the elimination of points of the total dataset (Cook, 1977; Paula, 2010) , and of diagnostics in local influence, which was proposed by Cook (1986) to study the behavior of some particular measures of influence on the parameter estimates. This technique is performed using appropriate measures of influence to assess the robustness of estimates that are provided by the model from small perturbations in the data (Paula, 2010) . This technique does not demand the elimination of observations and allows for simultaneously evaluating the joint influence of all influential points. Christensen et al. (1993) studied the methods that are used for georeferenced data and global influence diagnostics based on the elimination of influential points. studied the georeferenced data for the diagnostic methods of local influence in Gaussian spatial linear models using additive perturbation in the response variable. Borssoi et al. (2011) presented a technique of local influence on spatial covariates in Gaussian spatial linear models. Botinha et al. (2011) presented a study of spatial local influence on data of soil physical properties and soybean yield, considering the additive perturbation scheme for the response variable as well as the supposition of the Student-t distribution for the model.
Geostatistics, together with precision agriculture, studies factors that affect the spatial variability of attributes relating to the soil and crop, selecting models that best explain the yield and determining the causes of variations in agricultural production. In agriculture, the interaction between soil chemical attributes directly affects the growth and development of crops; furthermore, the characterization and assessment of spatial variability are essential for managing a culture. Using this information, it is possible to map the attributes in question and elaborate prescription maps, which aim to increase agricultural production and decrease the effects of an overdose of inputs on the environment.
This study aimed to detect influential points in the response variable using the local influence technique with two different schemes of perturbations: additive perturbation and Zhu perturbation.
Materials and methods
The data were collected in western Paraná in a commercial area of grain production in ). Soybean yield was estimated considering the amount of soybeans harvested in an area of 0.90 m², representing the plot. After the screening, the water content was tested, underwent posterior correction to 13% and was converted into t ha . Soil sampling to determine the soil chemical properties was performed at each marked point and included four soil subsamples collected close to the points at a depth of 0.0 to 0.2 m. These subsamples were mixed and weighed approximately 500 g, thus composing the representative sample of the plot, and were sent to the COODETEC laboratory where chemical analyses were performed. Let {Z(s i ), s i ∈S} be a stochastic process, with being two-dimensional Euclidean space. We assumed that the elements of this process are recorded at known spatial locations and are generated by the model shown in Equation (1) (Webster and Oliver, 2007) ( 1) where the deterministic and stochastic terms may depend on the spatial location in which was obtained. It is assumed that the stochastic error has and that the variation between the points in space is determined by some covariance function and, in some known functions of , such as , , is defined as in Equation (2) where are unknown parameters to be estimated. In matrix notation, we define the spatial linear model in Equation (3) as (3) where is the error vector , with , zero vector ; , , is a matrix of covariates of full rank; and is the vector of response variables. These data follow an -varied normal distribution with mean vector and covariance matrix , , being , i.e., . It is assumed that is not singular and has a structure as defined in Equation (4) ,
where and are the nugget effect parameters, contribution and function of range, respectively, which define the structure of spatial dependence.
is the identity matrix ; represents the matrix , which is a function of and depends on the fitted model, i.e., is a symmetric matrix with diagonal elements , to .
To study the spatial local influence based on the study of local influence presented by Cook (1986) , Uribe-Opazo et al. (2012) measured the behavior of the likelihood deviation function in a neighborhood , in which is the maximum likelihood ( M L) e s t i m a t o r of , wh e r e o f the postulated model and is the ML estimator of the model perturbed by where is the perturbation vector of the response variable and is the non-perturbed point. The log likelihood function of the estimated parameters is and is the perturbed log likelihood function given in Equation (5).
. (5) We consider two different schemes of perturbation. Scheme 1 is known as additive perturbation and is given by . Scheme 2, given by , was proposed by Zhu et al. (2007) and is called Zhu perturbation. These schemes of perturbation detect possible outliers in the dataset that can affect the ML estimator of θ. The goal is to study the local behavior of around such that For this goal, the normal curvature Ci of LD (ω) Zhu et al. (2007) proposed a perturbation in the response variable using the covariance matrix , where the matrix is given by evaluated in and in .
In this case, the matrices Δ β and Δ φ are given by and with elements (7) with .
The matrix and , where represents the main diagonal elements of matrix , can be used to plot versus (index) as a diagnostic technique to evaluate the existence of influential observations. The plot versus , where is the first normalized eigenvector associated with the largest in-module eigenvalue of matrix , may also be used as a diagnostic measure of local influence for detecting influential points.
In this work, the exponential, Gaussian and Matérn family spatial models were used to fit the covariance structure using the ML method of parameter estimation (Mardia and Mashall, 1984; Zimerman and Zimmerman, 1991; Lark, 2000a Lark, , 2000b Lark, , 2002 ). The spatial model was chosen by the cross-validation technique and the log likelihood maximum value (LMV) (Faraco et al., 2008) . To investigate the existence of influential points, a diagnostic analysis using the local influence technique was applied using the software R (R Development Core Team, R Foundation for Statistical Computing, Vienna, Austria) version 3.0 and the module geoR (Ribeiro Jr and Diggle, 2013) .
Results and discussion
Graphic techniques for local influence diagnostics were applied to the data in this study to detect influential points, which can influence the parameter estimates that define the spatial dependence structure and construction of the matic maps. The results of these analyses are presented in the graphs of coefficients versus (index) and versus (index), considering the additive perturbation (Figures 1 and 2 ) and the Zhu perturbation in the response variable (Figures 3 and 4) . ) was identified as influential observed. The variables Ca, K, Mg, Mn and P had greater dispersions and heterogeneity in the data because they had coefficients of variation CV%> 30%. Table 3 presents the fitted models and parameters that were estimated by the method for the models that were selected by the log likelihood maximum value and by cross-validation criterion (Table 4) for the original data and for the data without the identified influential points. The estimates of the nugget effect in all of the fitted models without the influential observations had reduced values , except for P, which increased slightly when analyzed without observation 36, which was detected by Zhu perturbation (P under the additive perturbation and observation 41 (58.0 mg dm without 36 (Z)). Regarding the estimate of the parameter that defines the variables C, Ca, K and Prod showed decreases in the estimates without considering the influential observation. The variables Mg and P showed increases in the estimates when they were obtained without the influential observations that were revealed by Zhu perturbation (Mg without 79 (Z) and P without 36 (Z)) and decreases when using the additive perturbation (Mg without 62 (A) and P without 30 (A)); the opposite effects were observed for the Mn estimates.
Except for soybean yield (Prod), which has a weak spatial dependence and almost pure nugget effect, i.e., lack of spatial dependence, the analyzed at- tributes have medium spatial dependence (25% <E <75%, Cambardella et al., 1994) . It can be concluded that the influential points that were identified under both perturbation schemes influence the choice of the best fitted spatial model and parameter estimation.
Using the kriging interpolation technique, which considers the spatial characteristics of the chosen model (model and parameter estimates , and ), thematic maps for the soil chemical properties and soybean yield were creased, with and without the observations that were considered influential under the additive and Zhu perturbations. Figures 3a, 3b and 3c show the thematic maps of the C content with and without the influential points. According to the classification of Oliveira (2001) , the carbon content in the soil is considered high in the range of 20.01 to 35.00 g dm -³, indicating that the entire study area has high levels. Figures 3a, 3b and 3c , with and without the influential points, did not influence a decrease in the C content. Figures 3d, 3e and 3f show the thematic maps of the Ca content with and without the influential points. There are differences in the maps in the class with lower levels of Ca, located in the central part of the study area. As shown in Figure 3f , when observation 20, defined as influential by the Zhu perturbation, is removed, there is a class change in the northern part of the map, decreasing the Ca content in the soil from 6.0 to 6.5 cmol c dm -³ to 5.5 to 6.0 cmol c dm -³. Despite these changes, the entire area was ranked with a high level of Ca in the soil (above 4.00 cmol c dm -³), which according to Oliveira (2001) , is essential for the production of soybean.
According to the maps in Figures 3g, 3h and 3i, the K content nutrient levels are considered medium because the values are between 0.11 and 0.30 cmol c dm -³ (Oliveira, 2001) . The thematic maps of the K content do not present standards in the nutrient levels due to weak spatial dependence.
In Figures 4a, 4b , and 4c, the highest levels of the Mg content are located in the northern part of the area. According to the classification of Oliveira (2001) , the Mg content is considered high when it is above 0.80 cmol c dm -³. Few changes are observed any of the classes when analyzed without the influential points (Figures 4b and 4c) . It can be concluded that the Mg content influential points detected by both perturbations did not affect the construction of the thematic map.
Figures 4d, 4e, and 4f show the thematic maps of the Mn content with and without the influential points; there is little difference between them. The highest levels of the Mn content are in the northern area, and the largest percentage of the area is where the Mn content is below 40 mg dm -³, which is classified as good according to Oliveira (2001) and does not impair the development of soybean. Figures 4g, 4h and 4i show the thematic maps of the P content with and without the influential points; differences are evident between the maps. The P content is considered too high for the soybean crop when the content is above 9.00 mg dm -³ (Oliveira, 2001 ).
Finally, Figures 4j, 4k and 4l show the thematic maps of soybean yield (Prod) with and without the influential points. On the map with all of the influential points (Figure 4j ), the highest levels of Prod are located in the eastern part of the area. When the influential point is removed (Figure 4k and 4l) and the resulting map is compared with the yield map containing all of the influential points, the entire area becomes homogeneous from 3.5 to 4.0 t ha -1 due to the little spatial dependence of the data. The influential points interfere in the building of the thematic map of soybean yield.
To compare the thematic maps of the soil properties and soybean yield with and without the influential points that were identified by the addictive and Zhu perturbations (Figures 3 and 4) , the accuracy indices for Global Accuracy (GA) and Kappa (De Bastiani et al., 2012) were calculated using the error matrix presented in Table 4 . The variables Ca, P and Prod have low levels of accuracy, indicating little similarity among the maps with and without the influential points. Thus, we can conclude the interference of the influential points in the construction of the thematic maps of some of the soil properties and soybean yield in the study area.
We conclude that the local influence technique was efficient in identifying influential points for the analyzed variables. In some cases, both schemes of perturbation identified the same observation, but in other situations, the schemes presented different observations; therefore, we recommend using the Zhu perturbation because it adds information of the structure of spatial dependence. In the construction of the thematic maps, changes in the levels of nutrients were Thematic map of the Mn content with all points (d), without point 66, which was identified as influential under the additive perturbation €, and without point 41, which was identified as influential under the Zhu perturbation (f); Thematic map of the P content with all points (g), without point 30, which was identified as influential under the additive perturbation (h),and without point 36, which was identified as influential under the Zhu perturbation (i); Thematic map of yield (Prod) with all points (j), without point 38, which was identified as influential under the additive perturbation (k),and without point 38, which was identified as influential under the Zhu perturbation (l).
observed when working with and without the influential points, providing a differentiated application of inputs. The application of the local inf luence technique should be part of geostatistical analysis. El análisis de datos dependientes es diferente al de datos independientes. En el primer caso, envuelven datos espaciales que pueden tener valores discrepantes localmente y que tienen algunas características diferentes de los datos vecinos. En este artículo, el objetivo fue detectar los puntos influyentes por medio de la técnica de influencia local en la variable de respuesta, mediante el uso de dos esquemas diferentes de perturbaciones denominados: perturbación aditiva y perturbación de Zhu. Se aplicó esta técnica a las propiedades químicas del suelo y a la productividad de la soja. Se evaluaron los efectos de los puntos influyentes en la elección del modelo, en la estimación de parámetros de máxima verosimilitud y la construcción de mapas temáticos mediante "kriging". En la construcción de mapas temáticos, se pudo observar alteraciones en los niveles de nutrientes al realizar el estudio con y sin los puntos de influencia, de tal forma que permite una aplicación apropiada de los insumos, lo que genera un mayor ahorro para el productor y en la contribución a la protección del medio ambiente.
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